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Searching oligo sets of human chromosome 12
using evolutionary strategies

YEN-YEN JOE{, ARTHUR TAY{*, ZHAO-YANG DONG{, HUCK-HUI NGx� and HUAN XU{

DNA Microarray is a powerful tool to measure the level of a mixed population of

nucleic acids at one time, which has great impact in many aspects of life sciences

research. In order to distinguish nucleic acids with very similar composition by hybri-

dization, it is necessary to design microarray probes with high specificities and sensitiv-

ities. Highly specific probes correspond to probes having unique DNA sequences;

whereas highly sensitive probes correspond to those with melting temperature within

a desired range and having no secondary structure. The selection of these probes

from a set of functional DNA sequences (exons) constitutes a computationally expen-

sive discrete non-linear search problem. We delegate the search task to a simple yet

effective Evolution Strategy algorithm. The computational efficiency is also greatly

improved by making use of an available bioinformatics tool.

1. Introduction

DNA Microarray, also known as DNA CHIP, is a

revolutionary technology that involves the immobili-

zation of a large number of different DNA molecules

within a small confined space (Lipshutz et al. 1999).

The principle of operation of the DNA microarray is

hybridization, i.e. a process in which complementary

bases between single-stranded DNA associate together

to form stable, double-stranded, antiparallel DNA via

hydrogen bonding. This process of bonding is highly

specific as cytosine (C) forms the strongest interaction

with guanine (G), and adenine (A) with thymine (T).

In a microarray experiment, labeled DNA samples are

hybridized to the immobilized DNA on the microarray.

After hybridization, labeled DNA which do not form

specific interactions with the immobilized DNA can

be removed by washing with solvent. Thereafter, the

retained labeled DNA on the microarray can be quanti-

fied based on the fluorescence intensity of the labels.

Three criteria are essential for optimal and accurate

microarray experiment result: firstly, attaining optimal

hybridization by controlling the melting temperature

of the immobilized DNA on the microarray; secondly,

ensuring the specificity of the immobilized DNA by

using unique DNA sequences; thirdly, ensuring low pro-

pensity to form secondary structure of the immobilized

DNA.

Our motivation is thus to search for the microarray

probes, i.e. the DNA sequences to be immobilized on

the array, so that the probes are unique, have approxi-

mately similar melting temperature and have low ten-

dency to form secondary structure. Each probe is to

be selected from a longer sequence called exon. Exon

is the DNA sequence that codes cell protein, and thus

determines certain functions of the cell. Indeed, the

objective of most microarray experiments is to map

the exon sequence with the functions it might determine.

The search for a set of probes from a database of

exons has two characteristics: it is a non-deterministic

search problem; and the total size of the problem is

very large, making it computationally expensive. Our

approach is to use computational intelligence technique,

in this case Evolutionary Strategies (ES) to perform

the search. A widely used bioinformatics tool, BLAST

(Basic Local Alignment Search Tool), is also employed

to improve the efficiency of the search.
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As the test-bed for the algorithm, the set of exons

from human chromosome 12, a chromosome with

typical length and complexity, is used. The complete

sequence of human genome is already known and

available. Human genomics remain an active area of

research, with genome scientists concerned with the

information and clues extracted from the human DNA

array. Our eventual goal is to search for the probe set

of the human genome which is currently not available.

We note that existing methods for finding the probe

sets of various genomes are currently only available

in private domains involving high commercial values

(www.operon.com). Hence, any new results would be

valuable to the public, with new genome being con-

stantly uncovered.

The organization of the paper is as follows. Section 2

will serve as a background introduction to the problem

domain, where the reader can find explanations for the

biological terms used in the paper. Section 3 bridges

the biological domain and the computational phase by

providing the problem formulation. Section 4 analyses

the characteristic of the search space according to

each search criterion. Based on these analyses, the ES

algorithm is designed in Section 5. The use of BLAST

to aid computation is presented in Section 6. Section 7

compares and discusses the search results of the

proposed ES algorithm with those of exhaustive

enumeration. Finally, Section 8 concludes the paper.

2. DNA, genome, chromosome and first exon prediction

The current section will elucidate a number of biolo-

gical terms that will be referred to throughout the

paper. We hope the brief explanations given here

will give sufficient background information for the

readers, and would like to refer the interested readers

to Starr and Taggart for more intensive biological

treatment.

Figure 1 is an appropriate place to begin; it illustrates

the relationship between a cell with its genetic make-up.

The complete genetic make-up of an organism is called

its genome; it is usually a set of several chromosomes.

A chromosome is a very long strand of DNA sequence.

A DNA (Deoxyribo Nucleic Acid) sequence can be

thought of as a string whose alphabet consists of only

four letters, corresponding to the four different bases

that made up the sequence: A (Adenine), C (Cytosine),

G (Guanine) and T (Thymine). The DNA sequence

appears naturally in the form of two intertwined strings

called double helix, which are held together by the

hydrogen bond between the bases in both strings. This

hydrogen bond is highly specific as it can only be

formed between A and T, and between C and G. A-T

and C-G are termed complementary pairs. The length

of the DNA string is usually expressed in base-pairs

(bps), due to its double helix structure. In this paper,

we would refer to a sequence by only one string, as the

other is just the complement. For example, a sequence

that appears naturally as:

A-C-G-T-A-C-G-T

T-G-C-A-T-G-C-A

will be referred to as A-C-G-T-A-C-G-T. The length of

this sequence is 8 bps.

Figure 1. A cell and its genetic make-up (Source: U.S. Department of Energy Human Genome Program, http://www.ornl.gov/hgmis).

788 Y.-Y. Joe et al.
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Although the entire sequence of human DNA is now

available, whether or not the given stretches of sequence

represent coding (exon) or non-coding (intron) regions is

still a problem. The coding region, exon, is the part of

DNA that is translated into protein and hence controls

the functions of cell. As such, automated methods in

annotating the human genome sequence to increase

its intrinsic value will become increasingly important

(Uberbacher and Mural 1991, Solovyev et al. 1994,

Burge and Karlin 1997).

For a clearer description of exons and introns being

the coding and non-coding regions of a DNA sequence,

we will describe the process of DNA transcription in

the following. Figure 2 shows the process of DNA tran-

scription. It involves mainly DNA, mRNA (messenger-

RNA), and tRNA (transfer-RNA). RNA (Ribo Nucleic

Acid) can be thought of as short, single-stranded version

of DNA sequences that put into use the genetic codes

contained in DNA. The DNA transcription involves

the copying of the base sequence of a gene to a pre-

mRNA sequence. The gene sequence is discontinuous,

comprising both introns and exons. Once the stretch

of DNA is transcribed into the pre-mRNA molecule,

one end of the pre-mRNA is modified by capping

it with a modified Guanine molecule (Mount 2001).

The RNA molecule will only reach maturity when

the introns are spliced out, based on short consensus

sequences found both at the intron-exon boundaries and

within the introns themselves. A stretch of Adenine is

then added as a ‘‘tail’’ to the spliced exons; this process

is called poly-Adenylation. After this, the mature

mRNA will be transported through a nuclear pore

into the cytoplasm, where the translation to protein

will then take place.

Various methods on exon prediction are available;

among them MZEF (Michale Zhang’s Exon Finder) is

deemed as the best overall exon finder (Claverie 1998).

Cold Spring Harbor Laboratory has made complete

the first-exon predictions of all human chromosomes

using MZEF method. Based on these predicted first-

exon sequences, we will find unique probes of each

first-exons, and hence the unique probes of genes.

We combine all predicted exons of all chromosomes in

the human genome as the database to be checked, and

Pre-mRNA 

DNA gene

mRNA 

Amino Acid, forming protein 

tRNA 

TRANSCRIPTION

EXON SPLICING

5’-CAPPING

POLYADENYLATION

TRANSLATION

TRANSFER TO

CYTOPLASM

Figure 2. DNA Transcription & Translation: Exons are translated into proteins, but not introns.

Searching oligo sets of human chromosome 12 789
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we combine only the predicted exons of chromosome 12

as the test set.

3. Problem formulation: the search for the probe set

of a chromosome

We will describe more clearly, in the following, the

task of searching the probe set of a chromosome.

Given: The input is a set of exons; in this paper it is

the set of all exons contained in human chromosome

12. Exons from all other chromosomes in the human

genome are also given, as the database to be checked

for matches/uniqueness.

Objective: From each exon, select a probe, i.e. a subse-

quence that satisfies the following criteria:

(1) The probe is unique with respect to other exon

sequences in the genome.

(2) The probe has a melting temperature that is within

a specific temperature range.

(3) The probe does not have a propensity to form sec-

ondary structure, or in other words, to fold back.

These criteria will be further elaborated in the Section 4,

together with the analysis of the search space.

The problem thus constitutes a discrete search

problem, where the search space comprises all possible

subsequences of the exon. It is also a non-deterministic

problem, where an enumeration of the entire search

space will find a solution, but other deterministic search

procedures will face difficulty. In view of the problem

size, however, it is desirable to have a search problem

that is more efficient than enumeration.

The problem size depends on the exon length and the

number of exons. The search task can be decomposed

into one search task for each exon, where the size

for each task is Oðn2Þ: This is derived from the total

number of subsequences that can be selected from the

exon, i.e. ðnðnþ 1ÞÞ=2 where n¼ exon length. The total

problem size will hence be Oðmn2Þ where m¼ number

of exons in the chromosome.

For our test bed, chromosome 12, the average exon

length is 278 bps. However, as there are 3039 exons,

the problem size becomes 3039� ð278þ ð278þ 1ÞÞ=2,

i.e. there are around 118 million candidate probes to

be searched.

In the following section we will study the charac-

teristics of the search space as shaped by the three

search criteria listed previously. The non-deterministic

nature of the problem will be obvious after each criter-

ion is described. Coupling the difficulty of the search

due to the criteria with the size of the problem, it

becomes apparent that the problem is computationally

demanding.

4. Criteria for the probe search

We have previously listed three criteria essential for

a sequence to qualify as a probe: (1) uniqueness of

the sequence, (2) melting temperature of the sequence

within a specific range, and (3) low propensity to fold

back. In the following subsections, we will further

describe what each criterion means, what their charac-

teristics are, and how they shape the search space.

As the search space consists of all possible sub-

sequences of an exon, we will refer to a subsequence

by the position of its first and last base in the exon,

i.e. a candidate probe is defined as s :¼ {start_point,

end_ point} (figure 3). Clearly, the end point determines

the length of the candidate probe.

4.1. Uniqueness criterion

A candidate probe is unique when it is not an exact

match of any other sequences in the genome, except

for the exon from which it is selected. Generally the

longer the candidate probe is, the higher chance it has

of being unique. This follows from the fact that the

DNA sequence is made of four different bases

(A,C,G,T), so that the number of possible base-sequence

with length L is 4L. Clearly, the larger L is, the more dif-

ferent sequences are possible, hence the less probability

of two sequences being exact matches. It is also obvious

that for a sequence that is not unique, extending the

sequence may increase the chance of it becoming

unique. Nevertheless, there is no exact mathematical

model to capture the relationship between the position

and length of a candidate probe with its uniqueness, ren-

dering deterministic search of little use. To illustrate

this, we enumerate all possible subsequences of exon

Q0010 and plot the region of the unique subsequences,

as shown in figure 4. The lower half of the plot that is

Exon #1: A-C- G-T-A-C-G-T-C-C- C - G-……...- G - G

                1  2  3  4  5 6  7  8 9 10 11 12 ……..  532   533

Exon length = 533 bases

Candidate #1:        G-T-A-C-G-T-C-C-

C 

s1 = {3,11}

Figure 3. The start and end point of a candidate probe.

790 Y.-Y. Joe et al.
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separated from the upper half by a line is not a valid

search space, as the start point is larger than the end

point. It is seen that the boundary between the unique

and non-unique regions is neither smooth, nor predict-

able with an exact pattern.

It must also be pointed out at this point that in testing

for the uniqueness of a candidate probe, the candidate

probe is compared with not only the set of exons of

the given chromosome, but also with the exons and

other non-coding regions of all the chromosomes in

the genome. This implies large additional computational

expenses, because even though the number of subse-

quences to be tested is ðnðnþ 1ÞÞ=2, for each subse-

quence the entire genome sequence must be searched

for matches. In fact, for a subsequence of length L,

where the length of the entire genome sequence is G,

the computational time for the uniqueness test will be

OðG logLÞ. For human genome, G is in the order of

3 billion bps.

4.2. Melting temperature criterion

The melting temperature, Tm, of a DNA sequence

is the temperature at which the sequence is annealed

to 50% of its exact complement. It is related to the

effectiveness of the sequence hybridization. In a micro-

array, thousands of different sequences are processed

simultaneously, i.e. the microarray is heated to a certain

temperature to facilitate hybridization. It follows that

in order to achieve optimal hybridization for the entire

array of sequences, the sequences on the array should

have Tm that is within some specific range.

A number of methods exist for the calculation of

Tm, one of the more accurate equations being the

Nearest Neighbor Method (Breslauer and Frank 1986,

Santalucia et al. 1996):

Tm ¼
�H

�S þ R � ln C
4

þ
16:6 log½Kþ�

1þ 0:7½Kþ�
� 273:15

 !

�C ð1Þ

where �H and �S are the enthalpy and entropy of the

helix formation respectively. They represent the sum

of the values of the nearest pair bases. For example,

�HðGATCÞ ¼ �HðGAÞ þ�HðATÞ þ�HðTCÞ. The

values of �H and �S can be found in (Breslauer and

Frank 1986). R is the gas molar constant, C is the

concentration of the probe and ½Kþ� is the salt concentra-

tion. It can therefore be seen that under one particular

experimental condition (for e.g. salt concentration), Tm

depends on the base arrangement and the length of the

sequence.

Typically, a suitable Tm is chosen to range from

65�C to 77�C (www.operon.com). Consequently, a

sub-sequence that satisfies the melting temperature

criteria has to have Tm in this range. We enumerate

50 100 150 200 250 300 350 400 450

50

100

150

200

250

300

350

400

450

Unique Region of the Search Space for Q0010

start point

e
n
d

p
o
in

t

Figure 4. Feasible region of uniqueness criterion for exon Q0010.

Searching oligo sets of human chromosome 12 791
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all subsequences of exon Q0010 to calculate their Tm;

the result is plotted in the contour plot in figure 5. It

is seen that while in general, the longer the subsequence

is, the higher its Tm is, the contour line between one

level of Tm to another is not smooth and does not

exhibit a predictable pattern. This is because of the

differences in the sequence of bases among all the

subsequences with approximately the same length.

4.3. Non-folding back criterion

Folding back or secondary structure in a DNA

sequence happens when a section of the sequence is

the exact complement of another section in the reverse

direction. For example, section ‘‘A-C-C-G-T-T’’ and

‘‘A-A-C-G-G-T’’ are complementary pairs in reverse

direction (reverse one of them, the two are complemen-

tary according to base-pairing rules A-T and G-C).

The longer these complementary sections are, the more

likely the sequence is to fold back. When a probe on the

microarray folds back, it is not able to hybridize with

the labeled DNA sample anymore. Therefore, it is desir-

able to select a probe that has low probability to fold

back, i.e. that without long reverse-complementary

sections. In our algorithm, we set 10 bps as the longest

allowable reverse-complementary sections.

Figure 6 shows the feasible region of sub-sequences

satisfying the non-folding back criteria of exon Q0010.

We notice that the non-folding back criteria and the

uniqueness criteria are in fact contradictory, i.e. a

longer sequence has a higher chance to be unique but

also a higher chance to fold back. This will render diffi-

culty in the search for qualified probe.

5. Evolutionary strategy

The study of the characteristics of the three probe

criteria reveals the difficulty of the search task, which

mainly stems from two factors, i.e. the non-deterministic

nature of the search, and the large problem size.

Deterministic search techniques such as those based on

gradients will therefore be ineffective; in fact, the only

effective deterministic technique would be the enumera-

tion of the entire search space. Due to the large problem

size, however, it is desired to delegate the task upon

more efficient search techniques. Moreover, the analysis

of the search criteria results in a few clues that can prove

useful if fed to a heuristic search. We therefore explore

the use of a general evolutionary strategy (ES) method

to perform the search.

5.1. Cost function design

Global optimization in multimodal fitness landscapes

can function only if there is a certain ordering in this

landscape, i.e., if a certain ‘‘tendency’’ to the global

optimum exists. This obviously intuitive prerequisite

Figure 5. Contour plot of melting temperature of the entire search space for exon Q0010.

792 Y.-Y. Joe et al.
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for the fitness landscape is termed as causality by

Rechenberg (Beyer 2001), to characterize the smooth-

ness property of the fitness landscape with respect to a

given set of genetic operators. Rechenberg distinguishes

between strongly and weakly causal fitness landscapes,

with strongly causal meaning global optimum can be

reached by following the local gradient by a respective

diffusion process and weakly causal, the opposite,

i.e. irregularly multi-modal landscape. ES can work con-

ditionally in ‘‘semi-causal’’ landscapes, postulated by

Born (Voigt et al. 1991) as a landscape with monotonic

order of the local optima in <N , i.e. assuming that ŷy is

the global minimum and fy�g the set of the remaining

local minimal positions, ŷy is designated as the mono-

tonic minimum attractor, if the condition:

8�,� : ŷy� y�
�

�

�

� � ŷy� y�
�

�

�

�, Fð y�Þ � Fð y�Þ ð2Þ

is satisfied. A similar postulate is made in the area of

Simulated Annealing, for example by Sorkin (1991),

which is based on statistics.

The landscape of a search/optimization problem is

shaped by the fitness/cost function used in the problem.

It is therefore important to design a cost function that

can fulfil the ‘‘semi-causality’’ prerequisite. Since our

search problem is in the form of satisfying a set of

constraints, it would be suitable to formulate the cost

function as a penalty function. If we formulate the

penalty as the distance from feasibility, we can ensure

the ‘‘semi-causality’’ of the landscape. This is possible

because if we recall the characteristics of each search

criterion, there are certain clues that can guide the

search direction, i.e. as follows:

(1) Uniqueness criteria: Uniqueness is essentially

a binary criterion; a sequence is either unique

or not unique. However, a one-zero penalty will

give little clue as to how the search should pro-

ceed. Instead, it can be recalled that if a sequence

is not unique, by extending it we might increase

its chance of becoming unique. The further

away the sequence is from the unique sequences,

the longer the necessary extension is. This results

in the ordering of the fitness landscape that we

desire, i.e. the fitness decreases as the distance

from the solution increases. The penalty is there-

fore assigned as the number of bases needed to

extend the sequence before it becomes unique.

(2) Tm criteria: The contour plot of the Tm criteria

in figure 5 shows a certain ordering in which

infeasible subsequences that are further away

from the feasible subsequences have Tm that are

also further away from the specified temperature

range. As such we can formulate the penalty for

the infeasible subsequences as the difference

between their Tm and the desired temperature.

Since the desired temperature is in the form of

50 100 150 200 250 300 350 400 450
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100
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200
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Figure 6. Feasible region of non-folding criterion for exon Q0010.
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bounds, we penalize infeasible subsequences with

Tm less than the lower bound according to the

lower bound, and those with Tm more than the

upper bound according to the upper bound.

(3) Non-folding criteria: The more sections of reverse

complementary pairs a sequence contains, the

more likely it is to fold back. Hence, it is appropri-

ate to formulate the penalty for subsequences

having reverse complementary pairs by the number

of reverse complementary pairs they contain.

The overall cost function is then:

For the ith exon, Si represents the set of all its subse-

quences: s is an element of Si

penalty ¼ f ðsÞ ¼ guniðsÞ þ gtemðsÞ þ gnfbðsÞ,

where:

guniðsÞ ¼ the number of bases s needs to extend

before it becomes unique.

gtemðsÞ ¼max {0, Tm of s� 77, 65�Tm of s}

gnfbðsÞ ¼ the number of reverse complementary

pairs (that is �10 bps) in s.

Naturally, the solution, let us denote it as ŝs, will have

no penalties imposed, i.e. the cost function value for a

qualified probe ŝs, f ðŝsÞ, should be equal to zero. Also,

the lower f ðsÞ is, the closer the candidate s is to the

solution. We enumerate the entire subsequences of

exon Q0010 and calculate their cost function values;

the result is shown in the contour plot in figure 7. As

usual, the lower half is invalid search space. We have

used black to distinguish the solution region from the

surrounding grey-shaded infeasible region. It can be

confirmed that the landscape is indeed one that fulfils

equation (2) of semi-causality. The ES can be expected

to perform well in this kind of landscape; this will be

shown later in the search results.

5.2. Search operators

We use the (20þ 20)–ES to perform the search task,

i.e. we use ES with a population size of 20 and offspring

size of 20, and the parents are included in the selection

phase. This is equivalent to the elitist strategy in

Genetic Algorithm, where the best individuals from

the current generation will be preserved to the next

generation. As mentioned in Section 4, each candidate

solution is encoded as a vector of two integers, i.e.

s :¼ {start_point, end_point}. To produce an offspring,

a parent is randomly selected from the current popula-

tion and then mutated. No recombination is performed

as it is known to require larger number of generations

to converge, while we desire a time-efficient algorithm.

For mutation, we perturb each decision variable of the

parent with a random number generated independently

from a Gaussian distribution N(0,102), rounded to the

Figure 7. Contour plot of the cost function values for the search space of Q0010.
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nearest integer. The resulting ES algorithm is summed

up in the flowchart in figure 8.

6. BLAST (Basic Local Alignment Search Tool)

We have also mentioned about the large additional

computational expense due to the test for uniqueness

criteria. To efficiently reduce this expense, we have

incorporated a bioinformatics tool called BLAST

(Altschul et al. 1990).

There are generally two methods to check for unique-

ness of a sequence. One method is by first finding a

candidate sequence, then searching the whole database

(other genes) to see whether this candidate is unique.

The other method is by comparing the whole exon to

find out all subsequences that are included in the data-

base in one single test (Baxevanis and Ouellette 2001).

The latter method, called local alignment, is substan-

tially more computationally efficient, which will be

shown later in Section 7.

Basic Local Alignment Search Tool (BLAST) is a

powerful method that shows good overall search speed

and puts database searching on a firm statistical foun-

dation in local alignment, both for protein and DNA

(Altschul et al. 1990). The BLAST algorithm can be

separated into three algorithm steps, namely, compiling

a list of high scoring words, scanning the database for

hits and extending the hits.

To compile a high scoring word list for DNA align-

ment, we use the list of all contiguous w-mers in the

query sequence as the word list (the default w is set as

12), thus, a query sequence of length n will yield a list

of n�wþ 1 words. Generally, a predicted exon has a

length of a couple of hundred base pairs, so there will

be about several hundred words in the word list.

To scan the database for hits, it is advantageous to

compress the database by packing four letters into one

byte, using an auxiliary table to eliminate the bound-

aries between adjacent sequences. Thus when the data-

base is scanned, each hit should contain an 8-mer hit

that lies on a byte boundary. This allows us to scan

the database byte-wise and increase the speed by four

fold. For each 8-mer hit found, we next check for the

w-mer hit; if found, we will come to the extending phase.

The occurrence of a w-mer hit is followed by an

attempt to find a locally optimal alignment whose

score is at least equal to a cut-off score S. This is accom-

plished by iteratively extending the alignment both to

the left and to the right, with accumulation of incre-

mental scores for matches and mismatches. A drop-off

threshold X is also available. In regions where there

are few matching residues, the cumulative score will

drop as the hit is extended, and it becomes less likely

to reach S as the mismatch penalty mounts. When the

reduction in score exceeds X, the extension of hits will

be terminated.

Figure 8 is a sample of BLAST output. The entire

exon is considered as the query sequence, with the

entire database of all predicted exons as the subject

sequence. If a significant local similarity is found, a

score will be calculated based on the identities among

the similar query subsequence and the subject subse-

quence. The expect score is the expected score of two

random subsequences with the same length. In our

algorithm, only the length of the subsequence is used.

BLAST program will provide us a list of all found

non-unique non-trivial subsequences, as figure 8 shows.

Thus we can simplify the uniqueness test to checking

whether a candidate sequence is a part of any non-

unique subsequences in the list.

7. Results

The search results using ES and the enumerative

algorithm will be presented and compared in this

section. The flowcharts of both ES and enumeration

are shown in figures 9 and 10, respectively.

Figure 8. Sample of output of BLAST test.
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The first row of table 1 shows the number of probes

which are not found using ES or enumeration. As

enumeration tests all subsequences until a qualified

probe is found, the number of probes not found using

enumeration translates to the number of non-existent

solutions, i.e. there are certain exons whose all subse-

quences do not satisfy all three criteria. Therefore it

can be seen that the performance of ES is satisfactory,

with only 103 probes not found, out of the 2707 (i.e.

(3039 total number of exons minus 332 non-existent

solutions)) available solutions.

Table 1 also shows the times of tests and individual

computation time on all three criteria using ES and

enumeration. The entire computation time of ES

method is only about one fourth of the enumeration,

which demonstrates that it is a computationally efficient

)(g
Pλ  := 

{ ( )()()( ,, lll
Foffspringparent ) };

REPRODUCTION

INITIALIZATIONS
Generation: g = 0 

Parent Population:
)0(

µP  := { ( )(, )0()0(
mm yFy ) } 

)0(
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)(l
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Pµ ) 
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Figure 9. Flowchart of the ES algorithm.
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method for this probe-searching problem. Moreover, we

have already saved on the computational time for the

enumeration by applying some posteriori knowledge,

i.e. by testing the non-folding criteria of a subsequence

only if it satisfies the other two criteria (please refer to

flowchart in figure 10), because it is known from

preliminary runs that the non-folding time consumes

substantially more time than the other two criteria tests.

Otherwise, if blind enumeration is conducted instead,

the difference in computation time will be much larger,

because the number of non-folding tests will then be

17,044,776 instead of the much smaller 5,227 (table 1).

Interestingly, the average computation time of non-

folding test using enumeration is much less than that

of using ES; this results from the fact that most probes

found by enumeration have small lengths, which means

YES 

YES 

YES 

YES 

YES 

NO 

NO NO 

NO 

NO 

Start point, 

s = 1 

End point, 

e = s + 1 

Candidate

y = {s,e} 

Calculate  Tm(y) 

Tm within

allowable 

range?

Search genome for 

sequences matching y

Matches 

found?

Search in y for 

complementary 

subsequences

Complementary 

subsequences

found?

Return y

STOP

e = 

exon_length

? 

e = e + 1

s = 

exon_length

? 

s = s + 1

Figure 10. Flowchart of the enumeration algorithm.
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all candidates test on that exon is also of small lengths.

This is shown by figure 11, which plots the spread of

length of all probes found using both ES and enumera-

tion. The large majority of short probes found using

enumeration is due to the fact that it searches sequen-

tially from the smallest to the largest length, and also,

of course, due to the existence of such solutions with

short lengths. ES will not be able to benefit from this

situation; however, that also means it is robust against

changes in lengths and positions of the solutions. For

example, for some exons, the probes are long and

located near the end of the exons. This will cause a

large increase in the computation time (especially for

the non-folding test) for the enumeration, while for ES

the computation will not be much different. Figure 12

shows the location of probes for some exons found

using ES. It is observed that the location of probes are

randomly scattered within the exons. This demonstrates

the ability of the ES algorithm to find the probes regard-

less of the locations, without incurring much additional

computation time. It is also noted that the set of exons

of chromosome 12 is just our test case; the actual appli-

cations may include the entire human genome, or the

genomes of other organisms. In addition, it might be

necessary to modify or add the search criteria, which

may result in longer probes or probes not located near

the start of the exons. The robustness in efficiency like

that possessed by the ES algorithm will certainly be

desirable to deal with such situations.

Table 2 illustrates the time we used to find one exon

probe without using BLAST. Clearly we find that the

computational time on each unique test is much larger

than that using BLAST. In this comparison, we have

also used some technique to minimize the uniqueness

test while not using BLAST, otherwise the computation

time would be completely unacceptable. Even so, the

entire computational time for one exon is still twenty

times of that using BLAST. Furthermore, the larger

the database to be compared, the longer it will be to

test uniqueness without BLAST.
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Figure 11. The length profile of probes found using ES and enumeration.

Table 1. ES vs enumeration.

ES Enumeration

No. of probes not found 435 332

Total time (sec) 37,162 110,581

No. of tested subsequences 455,880 17,044,776

No. of non-folding test 455,880 5,227

Ave. uniqueness test time (sec) 0.0003 0.0004

Ave. Tm test time (sec) 0.0018 0.004

Ave. non-folding test time (sec) 0.045 0.0031
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8. Conclusion

The Evolutionary Strategy is used in finding all

probes of human chromosome 12, with BLAST

method incorporated into the algorithm. Comparing

the results with those obtained by enumerating the

entire search space, it is shown that our ES method

is robust and computationally efficient and has good

accuracy. The proposed approach allows researchers

to obtain oligo sets for various genomes, which are

currently only available in the private domain with

high commercial values.
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